Abstract-The widely used surface temperature/vegetation index (T s /normalized difference vegetation index) triangle method provides an effective way to estimate surface turbulent energy fluxes and soil moisture. This type of method mainly relies on the normalized difference temperature index (NDTI), which is usually calculated from land surface temperature (LST). However, retrieval of LST from remote sensing data requires atmospheric correction procedures, which are often difficult and troublesome. Our study investigates the feasibility of determining NDTI using top-of-the-atmosphere (TOA) radiances, instead of satellitederived LST. A thorough assessment of the uncertainties in NDTI estimates for different atmospheric and surface conditions is performed. It is shown that NDTI can be estimated from TOA radiances with an accuracy of 90% if the spatial variabilities of atmospheric parameters (water vapor and effective atmospheric temperature) and surface emissivity are below 10%, 4 K, and 0.05, respectively. A test study is performed using Moderate Resolution Imaging Spectroradiometer data over a heterogeneous area of the Poyang Lake basin of China for six consecutive image acquisitions. When the spatial variations of the surface emissivity, effective atmospheric temperature, and water vapor are less than 0.01, 1 K, and 0.2 g · cm −2 , respectively, the TOA-radiance-calculated NDTI value and LST-determined NDTI value are quite close with root-mean-square deviation values and biases varying from 0.033 to 0.051 and from −0.004 to 0.014, respectively. The high coefficient of determination (R 2 ) values, ranging from 0.904 to 0.939, indicated that the use of TOA radiances appears to be adequate for calculating NDTI in these studies. Overall, the proposed algorithm requires less a priori information on the atmospheric state while providing NDTI estimates at a similar level of accuracy than obtained using atmospherically corrected LST data products. It therefore provides a useful alternative for determining NDTI from satellite data. Index Terms-Land surface temperature (LST), normalized difference vegetation index (NDVI), normalized difference temperature index (NDTI), remote sensing, top-of-the-atmosphere (TOA) radiances, triangle method.
I. INTRODUCTION
A CCURATE estimates of surface turbulent energy fluxes and soil moisture are of great significance to a wide range of environmental applications, including land surface climatology, hydrology, meteorology, and water resource management [1] - [3] . Over the last few decades, a large number of remotesensing-based methods have been proposed to provide spatially distributed information about surface energy fluxes and soil moisture status [4] - [8] . The feature space of land surface temperature (LST) and vegetation index [e.g., the normalized difference vegetation index (NDVI)] has been widely used for these purposes.
Negative correlation was found between LST and NDVI in numerous studies [9] - [11] . The scatter plot of LST versus NDVI often results in a triangular shape [12] - [14] . Jiang and Islam [15] , [16] made use of the LST/NDVI triangular space and the simplified Priestley-Taylor equation to estimate evapotranspiration over a large heterogeneous area. With the triangular space, Sandholt et al. [17] proposed the temperature-vegetation dryness index to assess soil surface moisture status. Likewise, Wan et al. [18] developed the vegetation-temperature condition index for monitoring drought occurrence. Recently, Carlson [19] and Petropoulos et al. [20] have provided comprehensive reviews on these studies, relying on the triangular space. An important advantage of the approaches is that they are relatively insensitive to uncertainties associated with atmospheric corrections and land surface heterogeneity [20] - [22] .
These approaches mainly used the normalized difference temperature index (NDTI) which determines the subsequent retrievals. The idea of NDTI was developed by McVicar and Jupp [23] and was often calculated from satellite-retrieved LST instead of ground measurement of LST, because there is no spatially distributed map of ground-based LST measurement. Various techniques and algorithms have been proposed to retrieve LST from thermal infrared remote sensing data [24] - [31] . All of them involve complicated atmospheric corrections based on radiative transfer theory [32] . In practice, these correction procedures are often troublesome and increase the operational difficulty particularly for the sensors with only one thermal band, e.g., Landsat-7/Enhanced Thematic Mapper Plus. Moreover, accurate and robust estimation of LST remains a challenging problem because of the uncertainties introduced by residual atmospheric effects, insufficient correction of sun-target-satellite geometry, and uncertainties in land surface emissivity [33] , [34] . The uncertainties associated with satellite-derived LST are on the order of several degrees in kelvin [35] - [38] , which may result in incorrect NDTI values. In addition, satellite-derived LST products often contain void values due to cloud contamination or misclassification even under apparently clear-sky conditions. For example, the Moderate Resolution Imaging Spectroradiometer (MODIS) LST products with few void values over the Poyang Lake basin of China in the year 2007 are less than eight days.
An alternative to using LST data products for the estimation of NDTI is the use of top-of-the-atmosphere (TOA) radiances. This idea was proposed by Valor and Caselles [21] to monitor the land degradation. As NDTI is a relative index that is based on the identification of regional scale contrast of land surface conditions, one might expect that robust estimates of NDTI can be obtained in case of homogeneous atmospheric conditions. This paper investigates the general potential of estimating NDTI from TOA radiances and focuses on the sensitivity of NDTI estimates on surface and atmospheric variability. This paper is structured as follows: The theoretical framework for estimating NDTI from TOA radiances is introduced in Section II. A sensitivity analysis of NDTI to key parameters is performed in Section III. The method is then applied and verified in Section IV. The results of the sensitivity analysis and the effectiveness of the method are discussed in Section V. The conclusion is given in Section VI. This method should facilitate the direct use of satellite data in relevant applications. It will be very useful for satellite processing and for determining NDTI.
II. THEORY
The triangular shape of the LST/NDVI feature space formed by the scatter of LST against NDVI over a wide range of soil moisture content and fractional vegetation cover is shown in Fig. 1 . It may be noticed that, as the vegetation fraction cover increases along the x-axis, surface temperature decreases. The sensitivity of LST to soil moisture over surfaces ranging from bare soil to full vegetation cover results in the emergence of the triangular shape [39] . The dry edge and wet edge, as shown in Fig. 1 , are defined as the loci of the highest and lowest surface temperatures, respectively. While the dry edge reflects the status of limited soil moisture, the wet edge represents the conditions of maximum evapotranspiration and unlimited water availability [40] , [41] . The triangular shape in the LST/NDVI domain is primarily controlled by the vegetation fractional cover, surface moisture conditions, net radiation, and local climatic state [42] , [43] . Based on the earlier interpretation of the LST/NDVI triangle feature space, the NDTI varying from zero at the driest pixels to one at the wettest pixels is expressed as follows:
where T s is the observed surface temperature for a given pixel whose NDVI value is NDVI i and T max and T min are the corresponding highest and lowest surface temperatures which have the same NDVI i value. Fig. 1 . Ts-and-NDVI triangular feature space (after Lambin and Ehrlich, [43] , and Sandholt et al. [17] ).
In order to retrieve LST from remote sensing data in thermal wavebands, many efforts have been devoted to the development of different methods and approaches, which mainly include the single-channel methods, split-window algorithms, and multiangle algorithms [44] - [46] . All of them are based on the thermal radiance transfer from the ground to the remote sensor. The radiance measured at a satellite sensor is composed of emitted radiance from the ground, reflected atmospheric radiance by the surface, and upwelling radiance from the atmosphere itself. Considering all these impacts, the radiance transfer equation can be written in the thermal infrared region as [47] - [49] 
where L i is the TOA radiance received by the sensor in channel i, t i is the total transmittance of the atmosphere in channel i, ε i is the surface emissivity, T s is the LST, B i (T s ) is the radiance emitted by a blackbody at temperature T s , R i is the reflected atmospheric radiance by the surface, and I ↑ is the upwelling atmospheric radiance in channel i. It is noted that the aforementioned magnitudes also depend on the satellite viewing angle, also known as satellite nadir angle. The expression for B i (T s ) is defined by Planck's function as [50] 
where C 1 and C 2 are the spectral constants with
The upwelling atmospheric radiance I ↑ and the reflected atmospheric radiance R i are usually given by [51] - [53] 
where T a represents the effective mean temperature of the atmosphere. The detailed derivation of I ↑ and R i was described by Sobrino et al. [54] and Qin et al. [55] . On the basis of (4) and (5), (2) can be rewritten as
To relate the TOA radiance to T s from (3) and (6), the most common way is to approximate Planck's function using a first-order Taylor expansion around a given temperature value (T ) [56] , [57] . Following this method, the Taylor series expansion of Planck's function can be written as
It should be noted here that the uncertainty associated within this expansion will increase when the temperature difference is up to 50 K. Combining (7) with (6), T s is given as
For the simplification of the mathematical expression, the path radiance P i is introduced, which is defined as P = (1 −
According to (8) , T s can be retrieved for a given wavelength of a satellite sensor. Substituting (8) into (1), the NDTI can be rewritten using (9) , shown at the bottom of the page. Equation (9) can then be simplified using only TOA radiances under some assumptions as discussed in the following. The impact of these assumptions on the accuracy of NDTI estimates will be given in Section III.
In a first order, it is reasonable to assume that the surface emissivity is constant for a given NDVI value because a monotonous relation has been found between surface emissivity and NDVI [58] - [60] . Thus, we obtain
If the atmospheric transmittance and atmospheric temperature show very little spatial variation over the investigated area, it is possible to obtain the following equations:
Based on (10), (11a), and (11b), we further obtain
On the basis of the aforementioned reasons and assumptions, (9) can be simplified as
which is the NDTI as a function of TOA radiances only. It is, however, impossible in practice to determine whether the parameters like t i and T a are spatially homogeneous as these parameters are difficult to obtain directly in the real world. To assess the uncertainties in NDTI estimates, a detailed sensitivity analysis is carried out in the following section in order to ascertain how variations in atmospheric and surface parameters (t i , ε i , and T a ) affect the NDTI.
III. SENSITIVITY ANALYSIS
As the estimation of NDTI based on TOA radiances is assumed on spatial homogeneous fields of surface and atmospheric conditions, the sensitivity of the results on these assumptions is investigated in this section. A sensitivity analysis of the NDTI to key surface and atmospheric parameters (t i , ε i , and T a ) is carried out to provide a better understanding of the limitations of the proposed method. The sensitivity of (9) to changes in surface emissivity, effective atmospheric temperature, and total column water vapor is therefore explored for a wide range of conditions (Table I) . We estimate NDTI by using either the LST or TOA radiances and use the relative change in NDTI as a measure for the sensitivity of surface and atmospheric parameters.
The total atmospheric transmittance t i affects the magnitude of the radiance transferred through the atmosphere. In the atmospheric window, the transmittance depends mainly on the atmospheric-water-vapor content [61] . The atmospheric transmittance decreases when the atmospheric water vapor increases. Fig. 2 shows the simulated atmospheric transmittance as a function of water vapor content (WVC) for a standard midlatitude atmosphere. Radiative transfer simulations were conducted using the MODTRAN4 atmospheric radiative transfer model [62] . The transmittance changes from 0.965 to 0.334 within the water-vapor-content range 0.15-6.5 g · cm −2 , which is a reasonable range from very dry to moist conditions for a cloud-free atmosphere.
The surface emissivity is generally not homogeneous over natural surfaces and sensitive to spatial heterogeneity. In the spectral region from 8 to 14 μm, most of the Earth's surface exhibits emissivity values which range from approximately 0.90 to 0.99 [63] . Considering a possible effective atmospheric temperature range of the Earth, 250-310 K is selected to represent natural atmospheric conditions. As atmospheric transmittance, surface emissivity and effective atmospheric temperature are spectrally dependent. In most cases, the atmospheric window (10-12 μm) is the most transparent region in the thermal infrared spectrum, where aerosol absorption and scattering are negligible and generally ignored [56] and most of the thermal sensors on board satellites work in this spectral domain. Monochromatic radiative transfer simulations are conducted at a wavelength of 11 μm to calculate the TOA radiance L i for our study. In order to calculate NDTI, we assume that the LST ranges from 273 K to 323 K, considering the possible temperature difference in real situations. To investigate how variations in surface emissivity, effective atmospheric temperature, and water vapor affect the NDTI, we compute the relative variation of NDTI as follows:
where x is the variable of surface emissivity, effective atmospheric temperature, or WVC; Δx is the corresponding variation amount of the variable x; and NDTI LST and NDTI TOA are calculated using LST and TOA radiances, respectively.
IV. STUDY AREA AND DATA PROCESSING

A. Study Area and Materials
The study area is located in the Poyang Lake basin of China, which lies on the southern bank of the middle and lower reaches of the Yangtze River. The Poyang Lake wetland is well known as the first batch of the Ramsar List of Wetlands of International Importance. It has great hydrological, biological, ecological, and economic significance. The basin belongs to a humid subtropical climate zone with an annual mean air temperature of 290.5 K and an annual average precipitation of 1680 mm [64] . The surface elevation of the basin ranges roughly from 5 to 2100 m above sea level. Most parts of the basin are dominated by hilly or mountainous topography. In order to avoid the effect of mountainous terrain, a relatively flat area was chosen for the case study, with the latitude ranging from 27.6 • N to 28.6 • N and longitude from 114.6
• E to 116.8
• E. Fig. 3 shows the land cover features over the study area, acquired from the MODIS data on May 2, 2007. It is a heterogeneous land cover area characterized by agricultural field (54%), grassland (22%), bare soil surface (1%), forested areas (19%), and inland water surface (4%). The diversity of land covers could reflect the spatial variability of surface emissivity. In order to examine the feasibility of the proposed approach, six clear-sky-day images in year 2007 were selected for the case study mainly according to the MODIS is the primary instrument in the National Aeronautics and Space Administration Earth Observing System (EOS) for land, ocean, and atmosphere research. The MODIS Collection 5 data products used in this study consist of MOD02_1KM, MOD03_L1A, MOD05_L2, MOD07_L2, MOD09_GA, and MOD11_L2. The MOD02_1KM data set contains level-1B calibrated and geolocated TOA radiances for 36 bands at 250-m, 500-m, and 1-km resolutions, respectively. The MOD03_L1A geolocation product comprises geodetic coordinates, ground elevation, and satellite zenith and azimuth angles for each MODIS 1-km pixel. MOD05_L2 consists of column-watervapor amounts over the area. MOD07_L2 contains atmospheric profile parameters including atmospheric stability, temperature, and moisture profiles and atmospheric water vapor at a 5-km resolution [65] . MOD09_GA comprises surface spectral reflectance from atmospheric correction, which was used to calculate NDVI in our study. The MOD11_L2 data contain LST and band-averaged emissivity in band-31 (10.780-11.280 μm) and band-32 (11.770-12.270 μm) calculated using the generalized split-window algorithm [66] , which have spatial resolutions of 1 km. All the aforementioned MODIS data were acquired from the EOS Data Gateway and reprojected to Universal Transverse Mercator with the World Geodetic System 84 as reference datum.
B. Data Processing
The image data were first screened for contamination by clouds in the study area which was removed using a simple threshold method [67] . Theoretically, the construction of the triangular space requires a large number of pixels over a flat area which is the reason why the pixels with a much higher elevation (> 100 m) were excluded from the analysis to minimize the effect of elevation variation on the LST/NDVI triangular space.
In order to construct the LST/NDVI triangular feature space, NDVI values were calculated using the following formula:
where α nir and α red are the surface reflectances in the near infrared (NIR) band and red band from MOD09_GA product. It is noted that the 250-m red-and NIR-band data were resampled to 1-km resolution to match the spatial resolution of LST product. Then, the NDTI value for each pixel was calculated on the basis of the triangular space using all valid image pixels in the test site as input. The highest temperature pixel and lowest temperature pixel for each NDVI interval were determined first. This procedure is very important, because the uncertainty in the determination of the dry and wet edges will transfer to the estimation of NDTI and further affect the comparison of NDTI LST and NDTI TOA . In this paper, the algorithm proposed by Tang et al. [68] for quantitatively determining the dry edge was used, namely
where T max is the maximum surface temperature for a given NDVI and a and b define the intercept and slope of the dry edge, respectively. The wet edge is assumed to be the line with the minimum temperature parallel to the NDVI axes. The next step is to interpolate between the extreme temperatures for a given NDVI value using (1). Based on the interpolation scheme, the NDTI value for the study area was calculated respectively from MODIS LST product and TOA radiance (band-31) using (1) and (13) . In order to test the robustness of NDTI estimates, the spatial variability of WVC, surface emissivity, and effective atmospheric temperature across the study area were investigated using the relevant MODIS data products.
V. RESULTS AND DISCUSSION
A. Sensitivity Analysis 1) Surface Emissivity: Fig. 4 shows the average relative variation and standard deviation (S.D.) of NDTI due to possible surface emissivity variation Δx = [0.01, 0.03, 0.05, 0.07]. It can be seen that NDTI variation is only dependent on emissivity variation but not on the level of emissivity itself. As an example, for the emissivity variation 0.01, the relative variation of NDTI is always 1.93% for emissivity values between 0.90 and 0.99. In addition, the linear correlation between NDTI variation and emissivity variation is also very clear in all the cases. The NDTI variation increases steadily with the emissivity variation. Variations on emissivity of 0.03, 0.05, and 0.07 may lead to changes of 5.8%, 9.6%, and 13.5% on NDTI. For most natural surfaces, the possible variation of emissivity is usually less than 0.05 [69] , [70] , which leads to a maximum relative variation of 9.6% on NDTI. Generally, the variation of 10% is an acceptable level for NDTI estimation because most techniques based on NDTI for the estimation of heat fluxes have uncertainties in the 15%-30% range [71] .
2) Effective Atmospheric Temperature: As shown in Fig. 5 , the probable NDTI variation caused by effective atmospheric temperature variation is dependent on temperature level. For the atmospheric temperature variation 1 K, the NDTI variation changes from 1.4% at temperature level 250 K to 2.6% at the level 310 K. The maximum relative changes of 5.2%, 10.5%, and 15.6% on NDTI are obtained when the variations of atmospheric temperature are 2 K, 4 K, and 6 K. In fact, the spatial variation of the atmospheric temperature is usually below 4 K at regional scale [72] , and the maximum atmospheric temperature is less than 310 K. Under these conditions, the maximum relative variation of NDTI is 10.5%.
3) Total Column Water Vapor: The change of the NDTI due to the variation of WVC is shown in Fig. 6 . In contrast with the variations of surface emissivity and atmospheric temperature, the NDTI variation is more sensitive to the variation of WVC. As shown in Fig. 6 , the NDTI variation is 2.2%-10.4% for water-vapor-content variation equal to 0.2 g·cm −2 . The NDTI variation may increase to 5.3%-25.4% for water-vapor-content variation equal to 0.5 g·cm −2 and 12.4%-51.1% for watervapor-content variation of 1 g·cm −2 . However, the NDTI variation is less than 5% when the water-vapor-content variation is 0.05 g·cm −2 . The analysis conducted with MODIS data has shown that the relative spatial variability of WVC at regional scale is usually below 10% at different seasons. Fig. 6 shows that this variation leads to the maximum variation of 9.5% on NDTI, when the WVC is within the 0-3-g·cm −2 range. The relative NDTI variation increases significantly when the WVC is higher than 3 g·cm −2 . This implies that this method may not work well for moist condition with WVC higher than 3 g·cm −2 . Based on these results, we conclude that uncertainties in NDTI estimates based on TOA radiances are expected to be less 
B. Triangular Scatter Plots
In order to calculate NDTI from LST and TOA radiances for the six case days, the dry and wet edges of the triangular space were estimated first. Fig. 7 shows examples of LST/NDVI and TOA radiance/NDVI scatter plots for a sample day (DOY 122). The two scatter plots show a similar shape which should allow the estimation of comparable NDTI values from both data sets. The corresponding dry and wet edges of the triangular space were determined as described in the previous section with high coefficient of determinations (R 2 ) of 0.931 for LST/NDVI scatter plots and 0.907 for TOA radiance/NDVI scatter plots. Similar robust results are obtained for the other five case days (Table II) . Thus, the difference between NDTI LST and NDTI TOA caused by the subjective determination of the dry edge will be significantly decreased. Table III summarizes the observed variability of surface and atmospheric variables. The minimum, maximum, mean, and S.D. over the study area for each of the six case days are given for surface emissivity, atmospheric temperature, and WVC. One can see that the S.D. values of both the surface emissivity and the atmospheric temperature are small for all the case studies (less than 0.01 for surface emissivity and 1 K for atmospheric temperature), which indicates the minor spatial variability of these two parameters. The typical spatial variability of WVC is on the order of 10% for most cases. However, the mean values of WVC are higher than 3.9 g · cm −2 for DOY 208 and DOY 279, implying that the atmosphere is relatively humid. Under these conditions, the calculation of NDTI using TOA radiances might result in higher uncertainties as it is more sensitive to the variation of water vapor.
C. Comparison Between NDTI LST and NDTI TOA
In order to validate the feasibility of estimating NDTI using TOA radiances instead of LST, we compare the NDTI LST and NDTI TOA values for every pixel over the study area. Fig. 8 shows the scatter plots between NDTI LST and NDTI TOA for all days. . According to the theoretical derivation and sensitivity analysis, the reason for this may be related to the inhomogeneity of the atmosphere in our study area. Given that the variations of atmospheric temperature and surface emissivity are quite small and similar over the study area (Table III) , the difference between NDTI LST and NDTI TOA might be mainly caused by the relatively high WVC over the study area. As described in the sensitivity analysis, the variation of 10% on water vapor may lead to the change of NDTI higher than 16% when the WVC is higher than 4 g · cm
which is a limitation of the proposed method. However, in general, the results of the sensitivity analysis and case studies suggest that the use of TOA radiances instead of LST appears to be a reasonable and accurate alternative to NDTI LST estimates, if the water vapor spatial variability of the study area does not exceed 10%.
VI. CONCLUSION
In this paper, we have explored the feasibility of using TOA radiances instead of LST to calculate NDTI which is widely used as a precursor for the estimation of surface latent heat fluxes. The method is derived theoretically on the basis of the radiance transfer equation and Planck's law. The results suggest that the method is applicable under the condition that the atmospheric parameters (transmittance and atmospheric temperature) and the surface emissivity are stable spatially. A sensitivity analysis is carried out to ascertain how variations in surface emissivity, atmospheric temperature, and WVC affect the NDTI. The uncertainties in NDTI estimates based on TOA radiances are expected to be less than 10%, if the spatial variabilities of atmospheric parameters (water vapor and effective atmospheric temperature) and surface emissivity are below 10%, 4 K, and 0.05, respectively. Compared with the variations of surface emissivity and atmospheric temperature, the variation of water vapor would significantly influence the method under moist conditions. Thus, the method should be used with care for humid conditions with water vapor higher than 3 g · cm −2 . The proposed method was tested over a heterogeneous area of the Poyang Lake basin for six cases varying from January to November. The results are promising and confirm the applicability of the proposed method when the spatial variations of surface emissivity, atmospheric temperature, and WVC across the study area are below 0.01, 1 K, and 0.2 g · cm −2 , respectively. At the same time, the results also show that the variation of WVC under humid condition dramatically influences the performance of the method, which is in accordance with the sensitivity analysis.
It should be emphasized that the proposed method is only applicable in regional areas, because the atmospheric conditions are not constant anymore over continental scales. If the atmospheric conditions are constant over the image, the derived equation is a rather simple method. In order to evaluate the proposed method, more practices and validation should be carried out in other different regions using different kinds of satellite data. In addition, future work needs also to be carried out to explore the feasibility of using TOA radiances for the estimation of NDTI over larger continental areas. 
